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Types of Models

Knowledge-Driven Models
®» |nstead of “Fundamental” or “First Principles™

Data-Driven Models
No knowledge of Inner Workings of Process

nd Models
)l Knowledge + Data

d Have a Purpos




Plethora of Robotic Devices
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If You have One ... Million $

The Age of Big Data




Design Experiments - Analyze Data

y Design of Experiments (DoE)

ery Powerful Methodology 50 Years Young!
ever Change One Condition at a time
actorial Designs, "

Is DoE Sufficient?

My Answer is: NO



UNIV

15t Generalization: DoE = DoDE

® [ime-Varying Inputs (Factors)

» Design of Dynamic Experiments (DoDE)
»Batch Reactor Temperate vs. Time, T(t)=¢
»Feeding of Bioreactor with Sugar Source, u(t)=¢
» Bioreactor pH vs. Time, pH(t)=¢
ow Many Dynamic Experimentse

we Design them?

Georgakis, C., (2013) “Design of Dynamic Experiments: A Data-Driven
Methodology for the Optimization of Time-Varying Processes”
Ind. Eng. Chem. Res. 52 (35):12369-12382




2nd Generalization: RSM = DRSM

RSM: Response Surface Methodology

» N érpolo’rive Polynomial Model of Output

By = Bo + Niv1 BiXi + Xiq Niciv BijXiX; + X1 BuX{
ompositfion Measurements every Hour
or/12 hrs =» 12 RSMs ¢¢

Dynamic Response Surface Met
+ X1 Bi(O)X; +
B. (EYX: X: + Y




DODE: Time-Varying Inputs

Define Time-Varying Input Domain

Define Time-Varying Coded Variable, z(t)

u. . (t)+u_. (7)
2

u  (t)—u_. (1)
2

U, (T) =

Au(T) =

_u(T)—uy(T)
A0 ="y 0
—1<z(7)s+1, t=t/1,

u(T) = u,y (1) + Au()z(T)

Main Idea: z(7) = a,Py(7)+ a, Py (T)+ az P, (1) + -+




Nine (?) Time-Varying Inputs

Z(T) — al PO (T)+ az Pl (T) ThteExperir?ents 01:the32l 5255”
—1<ag,+ta, <+l -1<z(1) < +1 06 :
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; Time = Time / Batch Time

T=1t/t




DE Example: Batch Reactor

Reversible Reaction in Baich
A; = A, (15<T<50°C)

r = k1A1 = kZAZ ki = kiO exp (_ %) with EZ > E]_

Model-based Optimum Conversion: 74.6%
Decreasing Temperature Profile =S /0
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Opftimization via DoDE

®» [\Wo Factors: T Level & | inear Slone

The 9 Experiments of the 32 DODE Design
1

»Nine DoDE Experiments [ I'TFE oD

o4 ™Llinearin Time 06| .

04t

= pbetween 15°C to 500C | . .

021

Optimization: : . ¢

0.2}

ariable

Coded

ax DoDE Conversion

-0.6 -

=74 3%[ -0.8L : : J J :
O 928OC 00T 02 03 04 05 06 07 08 09 I

Dimensionless Time = Time / Batch Time

Conversion 71.4% 743% 74.6%
VERY Small
Difference from MBO 3.2 0.3 Difference




DODE Semi-Batch Reactor

GCTion EXOmple: Rxnl: A+ B — C " = kchCB,kl = lmOl_lh_l
Rxn2: 2B — D, 1, =k,C3, ky,=11lmol th™?!

Rxn3: C —E, 1 =k3Cq, kg=1h"1

DoDE Runs: Feeding B Opftimal Runs

B Inflow rate

(] o




DoDE: The Dow Project

®» Polymerization = Increase Productivity
®» NO Defailed Knowledge-Driven Process Mode

ors) Can Vary with Time

- Tompersture Profiies ve. Time of 13DoDE Experiments

15 DoDE experiments = Batch Time Reduced by 20%
Productivity Increase by 20%



The DRSM Idea

From RSM:
® y = Bo+ Xivg BiXi + ey X1 BiiXiX; + X1 BuX?

Po(t) + ¥q2P1(t) + - yqrPR-1(t
[, ] 2, ., <

NO Osclillations - Excellent Model




DRSM-2c for ALL Pfizer Data: C, (1)

Time—ResoIved Species 1 Measurements with
y(t) = Bo(t) + Xizy Bi(O)X; + Xin1 Xiciq Bij (OXiXj + Xiq Bii(

3.3 All 17 experiments

= 3,t,
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DRSM-2c for ALL Pfizer Data: C(t)

| pec/'es 5:R =5,t,

Species5 Experiment1

Species5 Experiment2
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DRSM-2c for ALL Pfizer Data: C,(t}

. peg’es /7:R =3,t. =54
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DRSM-2c: Missing Pfizer Data: C, (1)

. pec}es 1:R=3,t. =33

Species1 Experimentl

Species1 Experiment2
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DRSM-2c: Missing Pfizer Data: Cs(t)

| peg’es 5.

Species5 Experimentl

R=3 Tc=3.3
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DRSM-2c: Missing Pfizer Data:

| peg’es /:

Species7 Experiment1

Species7 Experiment2

R=3 Tc=3.3
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RSM-2 vs DRSM-1 - Non-equidistant Datc

Species 1 Species 3

O Experiment data
= DRSM-1
= DRSM-2

VERY Notable Improvement




pecies E with Prediction Interval

Experiment 2

Experiment 3

Experiment 4 Experiment 5

o

Experiment data
DRSM estimation

— — —DRSM prediction

interval

Model is VERY Accurate




Fractional Factorial Design (Merck)

3 Species and 5 Factors: A, B, C, D, and E
2 Blocks: Robotic & Manual
6 Data/Batch at Unequal Intervals

20, 40, 60, 120, 240 mins

area converted to concentration
The 5 FACTORS
A: Methanol ratio, (% wt/wt solvent)

B: Starting material, wi% C: Base, wi%
D: Water wi% E: Temperature

« '/a Fractional factorial design: 2°~2 design
« 8 experiments
« Aliasing Structure: D = AB, and E=AC




2Fl Model: Species B
LoF p-value = 0.99 = Perfect model

/
Experiment 1 Experiment 2 Experiment 3 Experiment 4
O Robot | | 0.2 0.2 f 1 0.2 | 1
® Manual 9
DRSM | 1 0.15 0.15 | 1 0.15 | 1
0.1 1 o1 0.1 | o1} 2%
e
2 ? 4
0.05 t — : 0.05 p 0.05 t - 1 0.05 1 9
< ) *% o0
JEpvCe .~ = - S 5]
(I e : : : eTro— : : 0SS~ : : : 0© : : : :
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
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A; 9
0.2 | - 0.2 0.2 | 9 1 0.2 ¢
o
0.15 | v 0.15 0.15 | o ] 0.15 |
- o -
o1t @ 1 o1 9 o1} 0.1t . ?
(¢ )
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0.05 f ¢* 1 0.05 o) < 0.05 p 1 0.05 1 27
vl & &
00— : : : 06— : : : 00— : : : 06— : : :
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() = Bo(t) + 4 ()A+ Bg(t)B + B (£)C + B (t)D + B (DE +

+Bpc(t)BC + Bcp(t)CD




2Fl Model: Species A
LoF p-value = 0.99 = Perfect model

/
Experiment 1 Experiment 2 Experiment 3 Experiment 4
I O Robot | ] I
0.2 ® Manual 0.2 0.2
=== DRSM
0 : : : : 0 : : : : 0 : : : : 0 : : : :
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200

Experiment 5 Experiment 6 Experiment 7 Experiment 8




y 2F1 Model: Species C ;
LoF p-value = 0.06 = Good Model

Experiment 1 Experiment 2 Experiment 3 Experiment 4
0.02 0.02 0.02
O Robot
#® Manual 0.015 0.015 0.015
= DRSM
0.01 r 0.01 0.01 0.01
0.005 0.005 O.OOSfO_--‘UN 0.005
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
Experiment 5 Experiment 6 Experiment 7 Experiment 8
0.02 r 0.02 0.02 0.02
0.015 1 0.015 0.015 0.015
0.01 0.01 0.01 0.01
0.005[\.\9\’ o o o
0 50 100 150 200 0 50 100 150 200 0 50 100 150 200 0 50 100 150 200
y(t) = Bo(t) + B4(t)A + B (t)B + B (t)C + L (t)D + B (t)E +
+ﬁBC(t)BC + ﬁCD (t)CD

Block Effect Insignificant: Robotic vs. Manual Operation




DRSM = Reaction Knowledge

from Data to ... Knowledge
From DRSM Models DISCOVER Stoichiometry and Kinetics

ple Semi-Batch Reactor Example R1: A+B - C
# > {R2: 2B > D
Five DRSMs for C4(t), ... , Cg(t), R3: C > E

Va(t) = Bao(t) + Z Bai()X; + z z Baij ()X X; + z Baii()X?

11] i+1

ye(0) = Bro(t) + 2 Bri(®X; + 2 2 Bty (X, X; + Z B (DX

i=1 j=i+1

YA(®) = Bao(®) + 2 B (OX; + 2 2 Bl (X:X; + 2 Bl (DX

=1 j=i+1




Rate Data = Stoichiomeftry

Rxn2:2B - D

Rates of appearance for Each Species >
Rxn3:C - E

{Rxnl: Ry Ny
Ta(t1)  1r(ty)  Ter(ty)  1pr(t1)  Ter(ty)

. . J E : i = LAt
» D, =| ma@) re(t)  re(t)  ror(t)  TEe(t) L

: . . : : A
Tak (tnK) er(tnK) Tck (tnK) Tpk (tnK) TEk (tnK)

or ngy = 100 maitrix Dy, is a 100x5

atrix for Rates of ALL Species and ALL Experiments: K

D, = Data from k—th experiment
k=1,2,..,n,

Number of
Significant SVs = ¢




SVD: R, = UXV' & Projections

# of Reactions < Significant g; Values= 3

21 041 084 —026 —021 —0.15
» R.= U3Z'3V£ V73" =|vl |= (—0.26 0.21 0.79 -0.23 0.50
VT 060 —028 0.01 044 —0.6
,-1,1,0,0) a Linear Combination of the V3
ion Matrix: P = ViV,

andidate Stoichiome




Initial & Sequential Projections
PREPARATION of Data

» Rate Data Matrix R, Of size ngXng
»n,; = # of Data, ng = # of species
Number of Significant Singular Values (sSVs)

w» Statistical Determination via an F-test = ngg,s
» Malinowski, J. of Chemometrics. 1989; 3(1):49-60

iIne Candidate Stoichiometries

ojection Step
jection Scores (P




ldentitying Pfizer Stoichiometries
Additive error = 0.005 on Concentrations 0.005 < C;(t;) < 0.9

Scores of Scores of
True reactions Untrue reactions

A+BS C+D
C—-D+E
E—-F
B+DSG
G—-D+H
A+F—|
2A —
B+J—-2E+]|

A—)
cC—J
2A+B — )
J]—= 2D +1
B+J—E+|
B+J]— D+l

Score=100(1 — ||n;, — n;ll/lIn;1)
n;= Candidate Stoichiometry

Blind Test: Excellent Result
n;.= Response Vector

Seven (7) Significant SVs via an F-test
o; =81,9.7,6.3,1.5,1.0,0.92, 0.22, 0.18, 0.15, 0.09




l[dentifying Pfizer Stoichiometries 3

NO Measurement error

Scores of True reactions Scores of Untrue reactions
(Without Measurements Error) (Without Measurement error)

A+BS C+D A—) 74.6
C—D+E C—J 57.3
E—F 2A+B — | 81.9
B+DSG J > 2D +1 82.0
G— D+H B+J—E+| 85.8
A+F— | B+J— D+ 88.6
2A — |

B+J— 2E+| Confirmation of Method

1
2
3
4
5
6
7
3

Eight (8) Significant SVs
o, =81,9.7,6.3,1.5,1.0,0.91, 0.19, 0.10, 0.04, 0.02




DRSM and TFA

DRSM Makes TFA More Accurate
» | arger Number of Significant Singular Values

» |dentifies More Reactions

h Stoichiometries Identified
ulate Rates of Each Reaction

1 Rates & C;(t)=»Kinefics




Process Optimization via DRSM

Calculate Operating Window (OW):
oncentrations of Impurities Below Specs

®»Reqctants

i Reactant

termediates -
Intermediate: |

anted by-products
YW by Selecting

6pero’ring
Window

| -
|

'\'\ |
: Unwanted

~ by-product

|
O
."5)
O
Q
<
O |
O




Maximize Operating Window

Optimization Results

= \\'hen 0, = 0.1 for all species, 1

Species1

®» \window does not exist. 08

0.6 |

tudy different specifications

0.2 -
Factorl | Factor?2 | Factor3 Optimal 0
window (hr) 0

0.14 Infeasible

0.15 1.02 3.07
0.16 1.03 : 4.35
0.17 1.03 : 4.59
0.18 1.03 : 4.8]1
0.19 1.03 : 5.01
0.2 1.03 : 5.20

Operating
Window
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What to Remember Tomorrow

®» [he Novelty of DoDE and DRSM
» WO Generalizations of DOE and RSM

» DoDE: Experiments with Time Varying Inputs

®»DRSM: Modeling Time-Varying Outputs
» Stoichiometric Identification Enhanced
some Current Issues

Implications of Unmeasured Species

Ot Enough Candidate Stoichiometries

Thank You Very Much

May | answer your Questions




